The International Food Policy Research Institute (IFPRI), established in 1975, provides research-based policy solutions to sustainably reduce poverty and end hunger and malnutrition. IFPRI's strategic research aims to foster a climate-resilient and sustainable food supply; promote healthy diets and nutrition for all; build inclusive and efficient markets, trade systems, and food industries; transform agricultural and rural economies; and strengthen institutions and governance. Gender is integrated in all the Institute's work. Partnerships, communications, capacity strengthening, and data and knowledge management are essential components to translate IFPRI's research from action to impact. The Institute's regional and country programs play a critical role in responding to demand for food policy research and in delivering holistic support for country-led development. IFPRI collaborates with partners around the world.
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INTRODUCTION
Robust data collection in Papua New Guinea (PNG) is logistically challenging and in many areas prohibitive. Elevations rising from sea level to over 4,500 meters characterize a rugged terrain receiving heavy rainfall averaging between 2,000 and 5,000 millimeters annually. Transportation infrastructure is limited and most roads cover short distances and receive limited maintenance. Air travel is often required between contiguous provinces or districts. In addition to biophysical constraints to mobility, security concerns and regular outbreaks of localized violence represent additional obstacles to data collection.
Given these challenges, very little quantitative social and microeconomic policy analysis exists for PNG. Sporadic efforts to inform development policy have outlined a need for more comprehensive and comparable household-level data collection and analysis. 1 Recently, a renewed focus on rural food security and nutrition in PNG highlighted the need for greater efforts to inform development assistance and government planning to meet key objectives related to food security and nutrition.
A severe El Niño-Southern Oscillation (ENSO) event resulting in a major food shortage in 2015/16 underscored PNG's vulnerability to weather-related food insecurity. An estimated 800,000 people, or about 10 percent of the PNG population, experienced severe food shortages in 2015/16 (Kanua et al., 2016; Baynes et al., 2017) . However, given the lack of current and detailed data on local food systems, agriculture, economic trends, and household living standards in PNG, emergency relief was designed with only a limited understanding of which locations most needed assistance and what form of assistance was required (Kanua et al., 2016) . More frequent shocks linked to climate change and periodic ENSO events will continue to challenge rural livelihoods in PNG where most populations have limited support systems outside of their localized economy.
It is within this context that a recent rural household survey in PNG was implemented between May and July 2018. The household survey sought to understand food production systems and resilience in four lowland areas of PNG. We use these data to explore the variation in total consumption expenditure and food intake among surveyed households. In doing so, we evaluate food production and consumption patterns within the survey areas and calculate an absolute poverty line to understand differences in food and non-food consumption expenditure between poor and non-poor households. Finally, we use multivariate regression to explore the relationships between household-level factors that are correlated with total consumption expenditure and discuss policy options for improved economic well-being among rural households in PNG. This paper contributes to the literature in several ways. First, it provides the first updated analysis of consumption expenditure levels in selected areas of PNG in almost a decade. Second, it uses consumption expenditure trends specific to each survey area to calculate geographicallyspecific poverty lines. Finally, it begins to isolate the correlates of poverty within the context of rural lowland PNG to identify potential entry points for policy planning and targeted investment to reduce poverty and increase overall household welfare.
The remainder of this paper is organized as follows. Section 2 provides an overview of the survey sample and sample methodology, and selected descriptive statistics for the survey households. Section 3 introduces the poverty analysis methodology used in the Poverty Line Estimation Analytical Software (PLEASe) package, and describes the methodology employed to evaluate the correlates of poverty in the four survey sites in PNG. Section 4 discusses results of the poverty analysis, including information on site-specific food baskets and correlates of total consumption expenditure. Section 5 concludes by outlining potential policy and development initiatives to be further evaluated based on the results from the poverty analysis.
PNG HOUSEHOLD SURVEY ON FOOD SYSTEMS
The PNG household survey on food systems was implemented in four rural, lowland areas of PNG -East Sepik (Maprik, Wosera-Gawi and Yangoro-Saussia districts), West Sepik (Nuku district), and Madang (Middle Ramu and Usino Bundi districts) provinces and the Autonomous Region of Bougainville (ARoB -Buin and Siwai area of Southern Bougainville) (Table 1) . A total of 1,026 households in 70 communities were surveyed. The sample was split between communities that were to participate in a World Vision International (WVI) development program and communities that were not receiving (nor planned to receive) WVI assistance ( Figure 1 ). 2 WVI is a nongovernmental organization that provides a variety of community development assistance in PNG. In total, approximately one-third of the survey households were randomly selected from WVI communities, while the remaining two-thirds of the sample households were randomly selected from non-WVI communities. While both WVI and non-WVI communities were randomly selected from within their respective strata, some restrictions were necessary given that mobility in PNG is logistically difficult, potentially unsafe, and time consuming. This gives rise to two potential sources of sample selection bias that may affect overall data analysis. First, WVI did not randomly select communities for participation in their development programs, nor are their program communities geographically spread across the survey province. Beyond security concerns and transportation logistics that impede randomization of program communities, WVI worked with the Cocoa Board of Papua New Guinea to select communities affected by the recent cocoa pod borer infestation in order to implement a project to provide cocoa pod borer-resistant cocoa tree seedlings to rural farmers. Thus, the survey sample that includes WVI communities may not capture varying characteristics representative of other communities outside of the WVI development portfolio. Second, given security and travel considerations, the non-WVI communities eligible for inclusion were limited to those within 1 to 4 hours travel time of WVI program communities. The one-hour travel time restriction was imposed to avoid possible influence of nearby WVI programs on the non-WVI communities, which were identified using a GIS analysis that considered the location of roads and walking times across different terrain types. Within each community (both WVI and non-WVI communities), 15 households were randomly selected for enumeration.
To be clear, these data are not nationally representative, nor should they be considered representative at the provincial level. Given that within each province, a maximum of two subprovince administrative units were sampled in this survey, these data provide good insights into rural household livelihoods within a 4-hour travel radius of the center point of the survey sample cluster. In short, the sample design aimed to collect data from a spatially expansive set of communities to obtain the largest variance possible across survey clusters in order to better represent the range of rural livelihoods in these areas.
The survey questionnaire collected a holistic set of indicators to evaluate rural livelihoods. Survey modules included questions about agricultural production, labor activities, consumption and expenditure, household assets, and economic shocks (see Schmidt et al., 2019 for details) . For this analysis, we focus on survey data related to consumption and expenditure.
We find that agricultural production is closely linked with overall food consumption in PNG. Approximately 69 percent of the value of food consumed is from own-produced foods ( Table 2 ). 3 Survey data suggest that significant differences exist between survey areas. For example, 86 percent of the total value of food consumed is derived from own-produced sources in the Madang sample, suggesting that the food basket of households in this area is determined by agricultural production potential and location-specific crop mix. Conversely, households in the relatively well-connected and more market-oriented Buin and Siwai districts in the ARoB sample depend more heavily on purchased items, with less than half of the value of total food consumed derived from own-production (Table 2) . Roots and tubers are the dominant source of calories in most survey areas, with the exception of ARoB where grain is the greatest contributor to caloric intake ( Figure 2 ). In ARoB, grain consumption is primarily comprised of packaged rice, owing to the greater access to and importance of processed and marketed goods in the consumption basket. Amongst roots and tubers, sago is the most commonly consumed food item and source of calories in the sample. Sago is a starchy food extracted from the pith of the trunks of sago palm (Metroxylon), which is particularly important in the mainland survey areas. Ninety percent or more of households in East and West Sepik and Madang reported sago consumption. Additionally, more than 60 percent of survey households reported consuming sweet potato, followed by 57 percent consuming yams. 
MATERIALS AND METHODS

Poverty analysis
A first step in poverty analysis is selecting a welfare measure. We quantify household welfare as the per capita daily value of total consumption expenditure, henceforth referred to as "total expenditure", estimated from the detailed household consumption and expenditure data collected in the survey. Total expenditure includes the value of both non-food and food consumption and expenditure, where the latter includes the value of both purchased and non-purchased food consumption. We do not use household income as our measure of welfare for several reasons. First, rural incomes in PNG are difficult to quantify because income from subsistence agriculture is often not computed by respondents, given that most of the harvest of food crops is not sold. Second, rural cash incomes are earned from a variety of sources, which often vary throughout the year and may be difficult for respondents to recall (non-farm enterprise income or contract wage work may not be a stable income source from week-to-week or month-to-month). Finally, incomes fluctuate throughout the year due to seasonal variation in crop prices and demand for labor and other goods and services, which in turn influence wages. Particularly in contexts like PNG, where subsistence food production is common and the informal economy accounts for a significant portion of economic activity, total expenditure provides a more reliable indicator of household welfare.
In order to determine the value of total expenditure, the following data were collected for each sample household:
1. Weekly food consumption expenditures -This includes the value of food eaten by all members of the household over the past week, including food from own plots and farms, own stocks, and food obtained outside the home, purchased, or received for work or as a gift.
2. Regular monthly non-food expenditures -This includes items such as firewood, soap, cigarettes, betel nut, and other everyday items consumed in the home.
3. Annual non-food expenditures -This includes larger non-food items and services -for example, clothing, furniture, and utilities.
The survey asked respondents to report the quantity of each food item that the household consumed during the previous week; its source (own-produced, purchased, or received as a gift); and the amount paid for purchased items. We assign food acquired by own-production or gifts the median reported household purchase price of the item within the survey community or study area. 4 Food consumption expenditures are then calculated taking into account the reported quantity of each food that the household consumed. For meals and foods eaten outside the home, households were only asked to report total expenditures, given the difficulties quantifying prepared foods from different vendors. For monthly and annual non-food purchases, respondents were asked to report the household expenditure value of each good or service. The sum of food consumption expenditure and non-food expenditure yields total expenditure, which includes the value of nonpurchased foods.
We use the Poverty Line Estimation Analytical Software (PLEASe) program to compute cost of basic needs poverty lines, identify the poverty status of each survey household, and estimate the percentage of individuals who live in poor households . 5 Cost of basic needs poverty lines are designed to estimate the cost of a reference utility level that represents a minimum standard of living. More specifically, this minimum standard of living is defined by the cost of a basket of foods consumed by relatively poor households, adjusted to satisfy caloric needs, plus a non-food allowance based on non-food expenditure patterns of poor households (Ravallion, 1994 (Ravallion, , 1998 Ravallion and Sen, 1996; Wodon, 1997) . It is important to note that the cost of basic needs in developing country contexts is a true minimum standard of living and is likely to be largely comprised of food goods. 6 All household members are considered to be non-poor if the household has sufficient expenditure to attain the reference utility level defined by the poverty line.
Given that the household survey sample is comprised of households that are located in significantly different geographic and agro-ecological areas, variations in food availability and preferences are expected. Ravallion (2016) and Tarp et al. (2002) note that variations in relative prices across space and over time present a significant challenge to establishing a single basket of goods to ensure consistent and comparable utility for poverty analysis. Assuming substitutability among goods, the food basket must account for differences in local consumption patterns that respond to availability and price differentials over space and time (Ravallion, 1994) . However, defining regional food baskets forfeits the guarantee that poverty lines represent the same utility level, a condition guaranteed by a single national basket. As a result, households with the same real expenditure levels could be deemed poor in regions with more costly baskets that represent higher utility, while being deemed non-poor in regions with less costly, lower utility baskets. This inconsistency renders poverty rates incomparable.
Revealed preference theory provides a method for testing whether regional food poverty lines are utility-consistent (Gibson and Rozelle, 2003; Ravallion and Lokshin, 2006) . Arndt and Simler (2005 , 2010 developed an information theory approach for resolving utility inconsistency by imposing revealed preference constraints. Using the cross-entropy criterion, they minimize the directed distance between food quantities in original food baskets and estimated quantities that satisfy revealed preference conditions while also meeting the caloric target.
A few important aspects of the cost of basic needs approach must be noted. First, the poverty line identifies an expenditure level at which basic needs could be met rather than identifying whether a household actually meets those needs. For example, a household may choose to allocate expenditure such that food consumption is not prioritized and overall household caloric needs are not met. Second, the cost of basic needs methodology does not measure the allocation of resources within the household but assumes that if the household has adequate expenditure to satisfy the needs of all household members, then all members of the household are non-poor. In reality, the needs of some household members may be met while those of other household members are not. This assumption is largely driven by a lack of individual level consumption data. Finally, the food poverty line is tied to a nutritional target defined solely by caloric intake. Meeting energy requirements certainly does not guarantee that an individual is consuming a diverse diet adequate in nutrients. This is a potentially serious omission (particularly for children). At this point in time, no clear method has been established for estimating a food poverty line tied to an array of nutrient requirements.
We now turn to the specific details of the PLEASe methodology used in this analysis. We estimate regional, utility-consistent poverty lines for each of the four survey areas described in the previous section. 7 Regional poverty lines are determined by the consumption patterns of poor households, which are initially identified as those with per capita daily total expenditure in a bottom percentile corresponding to an assumed poverty rate. An iterative procedure is employed whereby the poverty rate is updated in each iteration and poor households are reselected until the poverty rate converges. 8
Food poverty lines are estimated to be the cost of meeting per capita calorie requirements in each survey area based on food consumption expenditure shares and food prices of poor households in each survey area and iteration. We consider the basket of food items in the top 90 percent of food consumption expenditure shares of poor households in each area. The bottom 10 percent of food consumption expenditure often consists of atypical foods that are eaten by a relatively small number of households and are thus trimmed from the basket . Regional food baskets are scaled to attain the regional average per capita minimum calorie requirement (assuming that individuals are moderately active). 9 The food poverty line is then the per capita daily cost of acquiring the regional food basket based on quantity-weighted average regional prices reported by poor households. 10 Finally, the food poverty line is rescaled to reflect 100 percent of food consumption expenditure.
The regional non-food poverty line is the weighted average of per capita daily non-food expenditure of households with per capita daily total expenditure within 20 percent of the food poverty line, whereby greater weight is given to households with per capita daily total expenditure closest to the poverty line . The total poverty line is the sum of the food and non-food poverty lines in each region. The iterative procedure is implemented to ensure that poverty lines reflect the consumption patterns of actual poor households where poverty rates are updated in each iteration.
After the final iteration, food baskets are entropy-adjusted, as necessary, to enforce revealed preference constraints, which ensures utility-consistent food poverty lines. Finally, each area's utility-consistent food poverty line is used to calculate non-food and total poverty lines using 7 and provide a detailed account of the rationale for utility-consistent and spatiallyexplicit poverty lines, and how their estimation is executed within the PLEASe program. 8 The poverty rate calculated in this analysis converged after five iterations. 9 PLEASe considers the presence of breastfeeding mothers within the household by allocating an extra 300 calories to the minimum daily consumption requirement for all households with children under the age of 1. In addition, fertility rates are used to estimate the probability of pregnancy to account for the higher caloric needs of pregnant women. 10 The top and bottom five percent of household-level prices per kilogram for each region and food item combination are removed to avoid extreme values' influence on prices. the same method that was used in the iterative procedure. Individuals living in households with per capita daily total expenditure falling below the regional total poverty line are deemed poor.
Correlates of per capita total expenditure
Efforts to reduce poverty or foster local economic growth via government policy or international development assistance are often designed around household and community characteristics that are associated with household welfare. Identifying factors associated with household welfare can assist the design of specific investments to improve wellbeing. We model the correlates of per capita total expenditure, our measure of household welfare, based on an ordinary least squares (OLS) regression. Per capita daily total expenditure (our dependent variable) is expressed in real terms, whereby we adjust nominal expenditure by a spatial price deflator in order to take into account differences in the cost-of-living in the different survey areas of PNG. The spatial price deflator is an index calculated by taking the normalized ratio of each regional poverty line to a base regional poverty line (we use ARoB as the base poverty line). 11 This is modeled as follows:
where is the spatially-adjusted per capita daily total expenditure of household in Papua New Guinea kina (PGK), is a vector of household and community-level characteristics and is a random error term. 12
A key concern when selecting potential influencing factors on overall welfare is exogeneity. Given that we are attempting to identify variables that are related to overall per capita expenditure levels, variables that are affected by current consumption in the household are excluded from the model (Haughton and Khandker, 2009; Mukherjee and Benson, 2003; Datt et al., 2000) . Included in the model are household-level demographic, education, and employment structure variables. In addition, we use community fixed effects to consider important factors such as access to cell phone coverage, as well as local cultural and societal norms that may influence overall economic opportunities within the community.
The demographic data used in the model include household size and composition variables. We take into account the age of the household head, and whether the household head is a male or a female. In addition, we include the number of working age adults, separated by gender, in order to account for productive household labor endowments. Educational attainment is measured at the household level, whereby we construct a variable of the maximum years of education achieved by any household member.
We also include whether a household has a member that has permanently migrated (and not returned to the household) or temporarily migrated (within the last two years) but is still 11 The spatial cost-of-living indexes reflect differences in prices for basic commodities, household composition, and consumption patterns among the relatively poor, as calculated in the PLEASe poverty software explained above. 12 The logarithm of per capita daily total expenditure is used as the dependent variable because its distribution more closely approximates the normal distribution than does the distribution of expenditure. considered a household member. We expect that migration is positively related to per capita total expenditure given local customary obligations of one's wantok (kinship group) which is tied to the location and social fabric of a migrant's home community. Given the importance of place and kinship ties within PNG society, we also create a binary variable that identifies whether the household head's parents were born in the village where the household head currently resides. Given that land is assigned through inheritance structures and is located in proximity of the home community, we hypothesize that an individual that lives in the community of their parents would have greater or facilitated access to productive assets such as agricultural land.
Another important asset of rural population is access to productive land. We use total land area owned and cultivated (in hectares) in our regression model. In addition, we introduce a quadratic term in land ownership to take into account nonlinearities in the relationship between land ownership and per capita total expenditure. The survey did not specifically measure household land area, however survey respondents were asked to estimate total owned landholdings. In addition to land ownership, we control for differences in land productivity by including elevation (in meters above sea level) and average (over 30 years) annual rainfall (Funk et al., 2014) . Agricultural productivity can also be affected by climate shocks. During 2015/16, a large share of the rural population was affected by an El Niño event that caused failed harvests in a variety of locations around the country. We take into account climate shocks by including a binary variable of whether or not a household experienced a drought or a flood, landslide or heavy rain event in the last 5 years.
Finally, we include the household distance to the nearest major market town (major market towns for this survey sample include Buin, Madang, Maprik, and Wewak) measured in kilometers. A variety of work on rural-urban linkages and non-farm labor opportunities has reported on the importance of market access for promoting greater income earning activities (de Janvry and Sadoulet, 2001; Barrett et al., 2005; Haggblade et al., 2007) .
The following section provides a detailed discussion of the poverty line analysis followed by the multivariate regression evaluating the correlates of per capita daily total expenditure.
RESULTS
Poverty analysis
Comparing the food basket composition of poor households across survey areas highlights the need to calculate separate poverty lines for each area. For example, packaged rice represents 25 percent of food basket consumption expenditure shares in ARoB, while yam comprises approximately 32 percent of total food basket consumption expenditure shares in West Sepik households (Table 3) . While poor households in East Sepik allocate a larger share of food consumption expenditure to bananas, those in Madang allocate a higher share to sago. Almost twothirds of the food basket consumption expenditure in the Madang survey area consists of starchy foods (sago, yam, banana, sweet potato and taro) . In survey sites that are more remote in Madang and West Sepik, the food consumption basket of the poor is less diverse, with 9 and 12 food items representing about 92 percent of total food consumption expenditures, respectively. The ARoB sample, which is better connected to urban markets (Buin) and produces cacao for the global market, and the East Sepik sample, which is located near Maprik town and produces vanilla for international markets, have more diverse food baskets with 13 and 15 food items, respectively. Note: Poverty line food baskets are restricted to foods in approximately the top 90 percent of food consumption expenditure by poor households. The remaining food consumption expenditure is comprised of a more disparate number of food items consumed by a smaller number of households which are not included in the food poverty line calculations.
Source: Authors' calculations
Taking into account regional food baskets and prices, we calculate regional utilityconsistent poverty lines for each of the four survey areas. Individuals in households with per capita daily total expenditure below the total poverty line are considered poor. Following these definitions, approximately 52 percent of individuals in the sample are living below the poverty line (Table 4 ). There are minimal differences in the poverty headcount across survey areas. Approximately 54 percent of individuals live in poor households in ARoB and West Sepik, followed closely by Madang (51 percent) and East Sepik (50 percent). Note: Poverty headcounts are based on the entropy-adjusted utility-consistent total poverty lines and have been weighted by household size to represent the share of individuals living in poor households. These figures are not nationally representative. USD 1.00 = PGK 3.28 in June 2018.
Although absolute poverty lines provide a threshold value to facilitate a categorization of poor versus non-poor households, it may not capture a large share of the sample that is struggling to meet basic needs. For example, households with daily per capita consumption valued at 10 toea (0.1 kina) above the poverty line and categorized as non-poor would still face many of the same food consumption challenges that a household with consumption valued at 10 toea below the poverty line and categorized as poor. According to the analysis presented here, if poverty lines were 10 percent higher, the percentage of individuals in the sample considered poor would increase by 6 percentage points to 58.1 percent (Table 5 ). In the case of the Madang sample, the share of poor increases by over 7 percentage points (from 51.3 to 58.7 percent) if the poverty line is increased by 10 percent. Utilizing the calculated poverty lines from this analysis in order to classify households, we find that poor households have more household members (6.52) compared to non-poor households (Table 6 ). In order to take into account education acquisition, we create a variable at the household level of the greatest number of school years completed of any household member. Non-poor households significantly greater educational attainment compared to poor households. On average, non-poor households have at least one household member that has completed the equivalent of 9 years of school, compared to approximately 8 years of school in poor households. When comparing poor and non-poor households experience to climate shocks, we find a similar share of households within each category experienced a flood. However, a larger share of poor households reported experiencing a drought compared to non-poor households. Whereas 73 percent of poor households reported experiencing a drought during the last 5 years, 63 percent of the non-poor households reported experiencing a drought. Although bivariate descriptive statistics are useful to evaluate how, for example, educational attainment may be correlated with poverty status, these crosstabs often simplify complex relationships between household characteristics that may be associated with household welfare. For example, although the household head's education level may be associated with the household's poverty status, the effect of a head's education level on economic status may differ depending on whether the head is a male or a female. Similarly, the effect of experiencing a drought may be conditioned on the location or dominant cropping characteristics of a community. The following section uses multivariate regression to evaluate these relationships and to further explore key factors related to household welfare, as measured by per capita daily total expenditure, within the survey sample.
Correlates of per capita total expenditure
This analysis provides a snapshot of total expenditure at the time of survey implementation. Given the limited data and differing methodologies and survey instruments collected on consumption and expenditure in Papua New Guinea over time, repeated cross-section or panellevel data analysis is not possible. Thus, results from this analysis will be discussed in terms of correlates and partial effects, considering that certain bias (i.e. omitted variable bias and unwarranted endogeneity) may be introduced into the cross-section interpretation. 13 Table 7 reports the results from the OLS regression examining the correlates of per capita daily total expenditure. We provide both the OLS coefficient estimate (column A), and the interpretation of coefficients (percent effect) for the log transformed dependent variable (log total expenditure) in column B. Given that the survey sample focuses on rural households, cultivable land is important to overall livelihood. The analysis suggests that both the linear and squared terms for cultivable land owned are significant. Evaluating land ownership at the mean, for a household that has approximately 4 hectares of land, an additional hectare of land is associated with an extra 4 percent per capita daily expenditure. The marginal return to cultivable land ownership peaks at approximately 14 hectares, at which point an extra hectare of land is associated with diminishing returns to per capita daily expenditure.
Labor is another important asset of rural inhabitants. Our regression results find that the quantity of labor (defined by number of adult males and females in the household) is not significantly associated with expenditure. However, labor diversification out of agriculture, measured by whether a household has a migrant member, has a significant positive association with per capita total expenditure. For example, having at least one migrant that left the household (either permanently or temporarily) is correlated with 12 percent greater per capita total expenditure relative to having no migrant household members.
Diversifying income sources and enhancing labor productivity via greater educational attainment is another means of potentially increasing overall welfare. Education is linked with increases in labor productivity, whereby more educated individuals can attain higher-skilled and higher-paying jobs outside of the agricultural sector. Regression results suggest that higher attainment of education by any member in the household is significantly associated with higher levels of welfare. Each additional year increase in education completed by any member in the household is associated with a 5 percent increase in per capita daily expenditure. Similar findings within the Pacific region reported by Gounder (2013) also underlines the importance of education on poverty reduction in Fiji. Similar to previous work on correlates of poverty outcomes, we find that household size has a negative relationship with per capita expenditure (Gibson, 1999; Lanjouw and Ravallion, 1995) . This implies that for each additional member increase in the household, per capita expenditure decreases by approximately 10 percent (Table 7) . While the age of the household head has a negative relationship with per capita expenditure, neither age nor the squared term for age were statistically significant in this analysis.
PNG is susceptible to climate shocks that can significantly decrease overall rural household welfare. In our sample, climate-related shocks were among the most commonly reported. Approximately 67 and 83 percent of the household sample reported experiencing a drought or flooding (including heavy rains and resulting landslides), respectively (Table 6 ). Regression results suggest that experiencing drought is negatively correlated with per capita expenditure, while experiencing a flood or landslide is not statistically significantly associated with per capita expenditure. Households that experienced a drought at least once in the last five years are associated with an almost 17 percent lower per capita expenditure compared to households that did not experience a drought (Table 7) . Given that the data presented here are cross-sectional, there are a variety of factors that may be related to this outcome. For example, we are unable to measure how often these climate shocks occur and whether households are employing risk mitigation strategies equated with poorer agricultural outcomes (i.e. less investment in agricultural inputs in anticipation of failed harvests, or investment in staple crops that are drought resistant rather than more lucrative cash crops that could suffer more easily from drought).
A broad literature has investigated the relationship between distance to market and poverty reduction. The structural transformation literature discusses access to secondary towns and markets as important nodes of transition from low-productivity agricultural labor to highproductivity manufacturing labor. We take into account household distance to the nearest major town (defined as Buin, Madang, Maprik and Wewak), however do not find a statistically significant relationship with total expenditure. The majority of our household sample is relatively remote, hence we may not have enough variation among our survey sample in terms of market distance. However, previous research in PNG by Gibson and Rozelle (2003) found significant and positive effects of decreases in market access on total per capita expenditure.
CONCLUSION
Although Papua New Guinea has rich mineral deposits and increasing exports of natural gas and other natural resources, a large share of the rural population is unable to tap into these resources. The rugged terrain, extreme climate, and limited transportation infrastructure has left much of the rural population, comprising 89 percent of the total population, often in remote locations with limited opportunities to take advantage of PNG's economic resources. In addition, very limited data collection and analysis in PNG has restricted more informed public investment and development assistance for economic growth and poverty reduction within the country, especially in rural areas.
Using the consumption and expenditure data collected in a recent rural household survey, this paper calculates utility-consistent and spatially-explicit poverty lines to evaluate poverty levels of rural households. Overall, the poverty analysis finds that 52 percent of the individuals in the sample live in households consuming below regional poverty lines.
To isolate key factors associated with household welfare, we regress logged per capita total expenditure on a variety of factors hypothesized to influence overall economic wellbeing. The analysis underlines four key action areas to increase expenditure within our sample: 1) identify measures to increase agricultural production and resilience; 2) increase investments in education; 3) seek opportunities to enhance migration out of rural areas and 4) reduce the number of household dependents.
Access to cultivable land is one of the most important assets of rural inhabitants, and is strongly and positively correlated with per capita total expenditure. However, high population growth within PNG is limiting land expansion opportunities. Similarly, climate shocks (most recently from a severe El Niño event in 2015/16) have had significant effects on agricultural productivity and overall household welfare in rural areas. Households that reported experiencing a drought in the last 5 years are associated with a 17 percent lower per capita total expenditure. Given PNG's vulnerability to climate shocks, coupled with limited infrastructure that leaves remote communities with little recourse if a disaster strikes, investing in a productive safety net program may provide the needed assistance to maintain livelihood structures in rural areas during crisis.
In addition, a need to seek out other opportunities to increase household income may be necessary. Increasing education, both within the agriculture sector (via agricultural extension within communities and agricultural training in primary schools) and outside of agriculture could support improved welfare outcomes. Identifying opportunities for off-farm labor supporting migration opportunities could increase vocational and geographic diversification strategies. Our analysis suggests that a household that reports having a member that has migrated (regardless of the reason for migration) is associated with significantly greater per capita total expenditure, suggesting that either increased social networks and / or greater income via remittances or other in-kind contributions to the household are an important factor to overall rural household welfare.
This analysis provides a snapshot of poverty levels and associated relationships to household characteristics. Previous work has pointed out that poverty is dynamic. Individuals move in and out of poverty based on seasonal effects, climate shocks, and economic changes over time (Baulch and Hoddinott, 2000; Dang et al., 2011) . Assuming more routine and comparable data collection occurs in PNG, panel datasets and repeated cross-sections would allow an examination of poverty over time. This would allow a greater understanding of which households remain poor over time and what factors contribute to households finding themselves in poverty traps. In addition, panel data would allow further investigation of the magnitude of climate shocks (ENSO events), development programs (education and healthcare interventions), and policy interventions (more attractive terms of trade or increased exports) on overall welfare across different geographical areas within the country.
